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Tamás Ilyés -Lóránt Varga so far that examines the bases of card acceptance decisions across the entire retail sector. Since neither the payment service providers nor card companies have a database that also covers "cash only" merchants, all previous analyses of this kind relied on questionnaire-based surveys. However, the Hungarian online cash register database made available to us by the National Tax and Customs Administration (NTCA) allowed us to inspect the entire retail business from the aspect of payment card acceptance. Thanks to the large sample size, we were able to reliably identify even narrow segments and negligible effects. Our main research questions were the following:
• Based on international experiences, the decision on card acceptance is influenced to the highest extent by the size of the merchant's annual turnover. To what extent does this observation apply to the domestic retail sector?
• Did the size of the anticipated card turnover influence the decision on card acceptance in Hungary?
• To what extent do factors other than the annual turnover of stores contribute to card acceptance?
• Can we distinguish between small, medium and large stores with and without card acceptance according to the same aspects?
• Is there a significant difference between independent shopkeepers and chain merchants in terms of their card acceptance decisions? In network decisions, is it the size of the network or rather individual store sizes that affect card acceptance the most?
In the first section of our paper we review relevant international literature on card acceptance, and describe the data available, in addition to the online cash register database constituting the basis of our analysis. Some of the variables used in our analysis were derived directly from receipt-level data, while others were used as proxies.
In Section 3 we define the methodology of the analysis and the variables used, and expound on the method applied in determining our sub-samples. We then provide a detailed description of our findings in Section 4, and check the robustness of the results from various perspectives.
Processing the literature
Exploring the acceptance of payment cards is primarily a theoretical area of research in payment services. The research focus is the impact of the interchange fee on card acceptance, and an assessment of the ways we can define an equilibrium fee value in the oligopolistic market of bank cards. In the first analysis on this topic, Baxter (1983) argues in favour of the interchange fee. This model was also criticised by Parallel with the theoretical models, a significant part of empirical literature also focused on the costs of card acceptance (Humphrey et al. 2003; Turján et al. 2010) . Concerning empirical studies, our research primarily draws from the results of questionnaire-based surveys. Jonker (2011) explored card acceptance and surcharging using survey data collected among 1,008 Dutch merchants. The results of the author's regression analysis revealed that while the merchant's revenue and the number of employees are significant explanatory variables, the cost of card payments also influences card acceptance. Arango and Taylor (2008) investigated card acceptance decisions in the Canadian market, primarily focusing on merchant perceptions, whereas Polasik and Fiszeder (2014) studied the payment method acceptance decisions of online shops. The lion's share of empirical studies, however, concentrates on consumers' card usage rather than the supply side (Bolt 2008 (Bolt , 2010 Borzekowski 2006 ).
In our research we verify the applicability of international results in Hungary, primarily focusing on demonstrating the impacts of the size of commerce -annual revenue -and those of subjective factors. Compared to questionnaire-based surveys, owing to the size of the sample and the scope of this survey, this research enables us to assess card acceptance on several sub-samples.
Methodology

Data source: online cash register (OCR) database
The Ministry for National Economy mandated the use of cash registers connected directly online to the tax authority pursuant to Decree 2013/48 (XI. 15) . The replacement of cash registers was implemented as part of a gradual process at the end of 2014; subject to certain conditions, taxpayers were permitted to use traditional cash registers until 1 January 2015. The scope of the online cash register system has been expanded significantly since the adoption of the Decree. Initially, the regulation primarily covered retail trade turnover; from 1 January 2017, however, its provisions became applicable to a substantial part of the services sector too (e.g. taxi services, hospitality/catering, automotive repair services).
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The online cash registers provide the NTCA with itemised data on all receipts issued. For the purposes of our analysis, we used an anonymised database of receipt-level aggregate data. Pursuant to legislation currently in force, retail outlets are not required to issue itemised receipts for each product; they only need to separate products according to collective VAT rate categories. As a result, the itemised breakdown of the database cannot be used for a comprehensive analysis. Besides aggregate data -value, VAT content, payment method, store information -data on the number of items listed on the receipt are also available.
Store information is displayed anonymously through randomly generated identifiers; the only known information about the physical location is the county, while the activity is only marked by the primary, four-digit NACE'08 1 code. The merchants are not required to obtain their NACE code on the basis of their main activity, so differences may occur. Certain special scopes of activity can be identified reliably, for example fuel trade.
Owing to the annuality of the database, the group of merchants under review changed during the period; some stores switched ownership, while others operated on a temporary basis. On several occasions, the taxpayer's activity was modified. Another serious problem is that owing to the anonymization it is not possible to monitor the turnover of a particular store from month to month. Besides the possible data errors, this means it is not clear in each case in the analysed database whether changes occurred in the operation of the store, or only in the reported administrative details. As a result, the number of stores included in the analyses exceeds that of the online cash registers installed in Hungary. This makes it impossible to assess the database by methods of panel-econometrics.
This problem occurs on a monthly basis; within the month, however, both the actual number of stores and the links within a network can be identified with a high degree of certainty. We have corrected this anomaly by generating the data of all stores separately for each month. In this case, each store is included in the database 12 times on average. This approach guarantees that if the anomaly of identification from month to month depends on the store size, the ratios will not be distorted in the final database. Otherwise, for example, if it is possible to monitor major stores more easily, while the smaller ones are presented several times with different IDs, the raw database would include significantly fewer minor stores than in reality.
There are two methods for making regression estimates on the database created with a monthly breakdown. In one case we have estimated separate regression values for each month. Since 12 regressions will be created here, owing to the restricted space available we only included the coefficients of one representative month in the final database. For most of the assessed variables there are no significant differences between the monthly models, we placed the detailed tables in the Annex. The second option is to estimate the entire database within the framework of one model. The individual sub-samples will only be different in level, considering the impacts of other explanatory variables, the marginal impacts will be the same. In modelling we primarily apply the first approach, however, we compare the results to the parameters of the equations estimated on the common sample. Naturally, in that case the impact of the given explanatory variables on card acceptance will be the average annual impact.
Estimation steps
We can split up the aims of our research into three logically separate parts. Our first question looks at the marginal impact of the individual explanatory variables on the probability of card acceptance. The second question is whether the decision model shows significant differences for stores of various sizes, while the third is whether it is also different if the decision is made at chain level.
In the first case, in the manner presented in the previous chapter, two types of models can be estimated depending on whether we include the monthly data jointly or in a separate regression. In our analysis we present a model in which only the annual revenue and its orthogonal polynomials are included, furthermore, a complex model with all the significant explanatory variables.
For the second question, initially we include the cross products of the major explanatory variables and those of the annual revenue. In the second step we broke up the sample into three size categories based on annual revenue (Annex 1). We determined the cutting points with a simple decision tree model, in an endogenous manner. The stores whose annual turnover is below HUF 15 million were placed in the smallest group. Typically, the stores are only capable of generating funds to cover the labour costs of one or two people. We consider stores with an annual revenue of between HUF 15 and 150 million as medium-sized stores. Based on the cross-sectional data, the marginal impact of the annual revenue on card acceptance is the highest in this category, with everything else unchanged. In stores larger than that, card acceptance is consistently high, and based on the descriptive data it does not depend meaningfully on the store size.
We distinguished three sub-categories for the assessment of chain-level decisions. We separated the individual stores. From the stores belonging to a chain -sharing the same numerical tax ID -we considered as subject to chain-level decision-making on card acceptance those stores where card acceptance or the lack of it affects over 95 per cent of all stores. For the remaining stores, individual decisions are presumably made on card acceptance, regardless whether or not they belong to the one chain. We included the three sub-categories as a dummy variable in the main regression as well; however, in the second step we assessed whether we get different results if we estimate regression separately according to the three sub-categories. In the
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case of the sub-samples differentiated according to chain-level decision, the fact that selection is performed in an endogenous manner, depending on the dependent variable, could distort the results. Correcting this problem accurately is not an aim of this study, so the results should be treated with appropriate caution. The estimated logit model shows whether the store with a given characteristic will become an acceptor or a non-acceptor in the period under assessment. The model is not applicable dynamically for the introduction of card acceptance. In the decision on card acceptance in time, there is presumably a significant level of inertia, i.e. the decision made in the previous period is an important explanatory variable for the next period. Our study does not analyse this temporal, stochastic process, rather, an accepting or non-accepting state generated by the process in a given moment. In the case of biases caused by the missing variable, such an interpretation of the results would be distorted and wrong. The results only show the statistically significant differences between acceptor and non-acceptor stores. This approach is primarily derived from the shortcomings of the database, but it also makes the results comparable to analyses based on other international surveys.
In our analysis we assessed the following regressions:
• A model only containing annual turnover ▪ Consolidated, using annual data ▪ In a monthly breakdown
• A model containing all the significant variables ▪ Consolidated, using annual data ▪ In a monthly breakdown
• Full model, containing the cross products taken with the annual revenue ▪ Consolidated, using annual data ▪ In a monthly breakdown
• A model broken down to sub-samples according to chain-level decision, in a monthly breakdown ▪ Stores not belonging to a chain ▪ Stores belonging to a chain
• Store-level decision on card acceptance
• Chain-level decision on card acceptance
• A model broken down to sub-samples according to annual revenue, in a monthly breakdown ▪ Small-sized stores ▪ Medium-sized stores ▪ Large-sized stores
Owing to the complexity of the models and the high level of multicollinearity among the variables, the direct comparison is not unequivocal in the case of binary dependent variables. In our analysis we consider two models similar if their explanatory power and the classification generated by them are identical on the rest of the sub-samples as well.
Variables used
Dependent variable
In line with our research question, the primary dependent variable is card acceptance. A merchant or a store is considered a card acceptor when payment card transactions are linked to it in the database. Since payment information is often entered manually in the cash register, some transactions might be erroneous. For the purposes of our analyses, we selected 0.5 per cent as the lower margin of error.
Company size
In our analysis, company size is the most important and most decisive explanatory variable. As we have no external information on the store, annual turnover is derived from the sum of the relevant receipts. Although this raw data series has good mathematical attributes -a lognormal-exponential distribution -, owing to the identification problems mentioned above it may cause bias. Since in some cases a single business may be included more than once (due to store information modifications), it would appear in the database as several, small-turnover stores. Therefore, we use annualised turnover calculated on the basis of actual turnover Per cent 1,000,000 10,000,000 100,000,000 1,000,000,000 10,000,000,000
Note: Vertical axis: ratio of acceptor stores, horizontal axis: annual turnover in HUF shown on a logarithmic scale.
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and opening days. The review period -2016 -includes the mandatory Sunday closure as well as the period following the revocation of the regulation (the provision on the repeal was announced on 15 April 2016).
There is a strong correlation between store size and card acceptance, but it is nonlinear (see Figure 1) ; so complex functional forms are required to ensure good explanatory power. We include the orthogonal polynomials of the logarithm of store size in the models. In the case of the models segmented by store size, the sample selection itself increases the complexity of the functional form further.
Among the explanatory variables, card acceptance and the average costs of cash management may be raised. Fundamentally, card acceptance consists of fixed costs -installation and operation of the terminal -and variable costs, which primarily means the merchant service fee. According to an intuitive approach, if the annual turnover of the store is high enough, then card acceptance will create a lower unit cost than cash does. According to surveys of the Magyar Nemzeti Bank, since cash turnover is extremely intensive in Hungary, the cost advantage of cash remains even in the largest stores, therefore this cannot be a direct decision factor.
Value categories
Based on the cross-sectional analysis of the database we can conclude that the willingness to accept payment cards depends strongly on payment value. Presumably, therefore, in the case of stores with the same annual turnover, actual card use is likely to be higher in businesses where the majority of transactions fall into the appropriate value category as opposed to the stores whose turnover, for the most part, comprises mainly very small-value or very large-value transactions. Table 1 shows the turnover value categories used in the study. As regards turnover structure, we can examine absolute and relative turnover separately in each individual category. In terms of ratios, the benchmark category is always the highest value category. Due to the nature of the relationship and given the limited number of explanatory variables, the final models include the turnover's log and its square.
Temporal attributes of the stores
Not only the annualised turnover of the stores, but also the turnover's monthly and weekly distribution can be established based on the dates indicated on the receipts. Accordingly, in our analysis we also studied the effect of the weekly turnover structure on card acceptance. For most of the two years under review, the decree on Sunday store closures was in effect in the retail sector. Family-owned stores were the main exceptions. Consequently, Sunday opening hours can be used as a proxy for ownership. Since the correspondence is imperfect, this variable is included in conjunction with the NACE variable in the models. This way we can separate the effects of individual sectoral exceptions from the attributes of the owner.
Since store closures on Mondays and Tuesdays proved to have a significant explanatory power in our analysis, this serves as the control variable in the rest of the models. These attributes are linked to special stores -e.g. museum gift shops, sample stores -where the business is not considered to be an independent financial unit.
Network attributes
A large part of the retail sector operates in the form of a network; in other words, numerous outlets are operated by a single legal entity. According to our hypothesis, the fact that the store is part of a chain affects card acceptance decisions in two ways. In networks where each member of the network belongs to the same category -accepting or not accepting card payments -card acceptance is presumably based on a network-level decision; therefore, the decision situation itself may differ from that of individual stores. By contrast, in networks where, according to observations, card acceptance is based on the independent decision of the store, the decision situation is determined by the store's unique characteristics. So our models were also designed to examine the effect of decomposing the sample into three partsindependent store, independent decision, chain decision -; moreover, in the case of chain stores, we also included the chain's total turnover and the number of stores included in the chain. According to the cross-sectional analyses, the correlation is non-linear; therefore we also include the squared terms in the regressions.
Activity
The NTCA database includes the four-digit NACE identifier of the stores' primary activity. Due to the nature of the sample, nearly three-third of the stores belong to the narrowly interpreted retail sector. In several cases during the modelling, estimating the detailed breakdown is problematic and cannot even be performed completely -for example, where certain secondary activities only involve stores accepting or not accepting cards -or the large number of dummy variables poses obstacles to the estimation of the model. Because of this, we only use the first three digits of the identifier for the majority of our models. The only exceptions
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are decision-tree and decision-forest models, where this phenomenon does not present a technical problem.
County code
To ensure the anonymity of the stores, the explanatory variables do not include the precise physical location, only the county identifier. Unfortunately, this significantly restricts the examination of stores that have a different customer base, as we could only distinguish between 21 different types. County code 21 indicates mobile shops with no fixed place. The models do not include customer base information, only the dummy variables of the county codes and the capital city. In the second step, we explain the coefficients of the dummy variables with the aggregate data of the given county.
Item number
The database includes the number of products purchased under each receipt. This allowed us to use the total item number of the store as another approach to the size variable and to introduce average and maximum item numbers. The average and the maximum item number presumably correlate strongly with the payment time and as such, they are used as the proxy variable of the latter. We used average payment value as the control variable in several cases; however, this variable correlates extremely closely with the decomposition of the turnover by value and with the proportions of the ranges.
The most important statistical features of the major explanatory variables are contained in Annex 2.
Results
In the manner shown in the presentation of our aim, our first question is to what extent the annual turnover explains card acceptance in Hungary in itself. Based on international literature, the size of turnover of the store is the most important explanatory variable in decisions on card acceptance. After that, we present to what extent the turnover according to value category influences the impact of the entire turnover. In the second step, we analyse the impact of other factors -such as branch, geographical location -then we analyse the identity of the models estimated on samples cut up according to size and decision at chain level.
Effect of the size variables
It can be concluded from the results (Annex 3) that even if we only make estimates based on annual turnover, acceptor and non-acceptor stores can be set apart from each other to a medium extent. In other words, the annual turnover of the store is the most important aspect in the implementation of card acceptance. The high significance of high-level polynomials implies that fundamentally, the logistic function form is not capable of properly explaining the processes. The main reason for this is that the impact of size is not linear (Figure 2 ). In stores with an annual turnover of 150 million, the marginal impact of size decreases significantly. This result returns the phenomenon observed in the cross-sectional analysis of the database.
The turnover split up according to value categories does not significantly change the impact of annual turnover, the explanatory power of the model does not improve substantially (Annex 4). In addition, the various categories affected card acceptance to different degrees. The stores where cards are accepted are more likely to produce transactions that are often paid for by card. The impact of transactions between HUF 10 and 20 thousand is the strongest, while transactions paid for by card in a relatively small ratio even lowered the chance of card acceptance to a small degree (Figure 3) . However, the entire impact is lower by an order of magnitude than the impact of the annual turnover. Based on these, we can say that although a split according to value category is significant from a statistical aspect, their impact is not substantial; annual turnover in itself provides a good explanation for card acceptance in Hungary. 
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Impact of other factors
We have added several other explanatory variables to logistic regression, however, the explanatory power of the model only changes to a slight extent as a result of these. Owing to the high number of sample elements, we can also identify minor impacts in our analysis, and although these are statistically significant, they do not substantially influence the decision on card acceptance. Three of the dummy variables should be highlighted, which have a relatively higher impact on the dependent variable. Staying open on Sundays significantly lowers the probability of card acceptance, while giving detailed invoices increases it significantly. The rest of the variables have a low impact, similarly to value categories, and their marginal value is what we expected. Both the size of the chain and the number of stores increase card acceptance, albeit to a decreasing extent. By contrast, the dummy variable of stores with chain-level decisions shows the lowest value. This would imply that in Hungary, controlled for every other impact -primarily filtering out the impact of size-type variables -stores with chain-level decisions are less likely to become acceptors than independent stores. In the database, the level of card acceptance is high in stores with chain-level decisions, however, in their case the impact of size is more powerful. The results can be interpreted to imply that chains deciding to reject card acceptance are less likely, overall, to accept cards compared 
Note: Vertical axis: the impact calculated on the scale of explanatory variables, horizontal axis: annual turnover in HUF of categories of a given value on the logarithmic scale
to their size. All told we can conclude that the impact of other factors is small, and not comparable to the explanatory power of the annual turnover.
We only had the county codes of stores available for our analysis, so owing to the small number of observations we did not directly include information related to counties in the model. However, in a second step we assessed the coefficient of dummy variables belonging to the county, to determine to what extent they can be explained by the socio-demographic statistics available at county level. Including the capital city, there are 20 county codes in total; therefore, in view of the small sample size we did not estimate a regression and only examined the linear correlation.
Among the variables under review, the percentage of the working-age population, the number of municipalities and the number of residents per shopping centre indicate a medium-strong correlation. Contrary to expectations, development and income variables did not prove to be significant at any level. The correlation does not improve even after the omission of the capital city's outstanding, outlier data point. Based on these, we can conclude that according to the available data no relationship can be shown to exist between the county-level composition of the community of buyers on the one hand, and card acceptance on the other. The coefficients do not change meaningfully even if we perform the estimate on the sub-sample of stores with independent decisions. However, considering the major socio-demographic variables, a significant variation can be observed even within one county, therefore the lack of a demonstrable relationship can also be derived from the level of aggregation. If there is any correlation at all, only a deeperpresumably municipality-level -segmentation would be able to identify it.
Since the high degree of multicollinearity between the variables renders the parameter estimates uncertain, we examined the significance and sign of the variable groups in various combinations. The main problem is caused by the fact that although most construed variables exhibit a strong correlation with store size, in some cases this correlation exists by definition -such as turnover broken down by value categories -, while in others it is empirical. To eliminate this discrepancy, we also ran the regressions without the size variables and studied the explanatory power of the rest of the variables. The results confirm that the proportion of the item numbers and value categories strongly correlates with size and takes over the role of size in the restricted model. The explanatory power of the model declines significantly without the direct use of the size variables. This suggests that the remaining variables are unable to take over a significant part of the explanatory power directly.
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Impact of breakdown to sub-samples
We also included the cross products of other factors and the annual turnover in the regression, which became significant without exception. Based on these, the marginal impact is significantly different for stores of various sizes. The dummies generated according to chain-level decision are also highly significant in the model. Therefore, in order to carry out the assessment of our research question we cut up the sample in the manner described in the previous chapter into small, medium and large stores, and re-estimated the regressions (Figure 4 and Annex 5).
The three estimated regressions perform to a medium extent on their own subsample, but the explanatory power deteriorates significantly, primarily for largesized stores. In other words, the regression estimated on small and mediumsized stores is not applicable to large stores. The assessment of the parameters implies that it is mainly the impact according to the value category that differs to a significant extent depending on size. While in small-and medium-sized stores the turnover broken down according to value category only exerts a small impact, as described in the previous chapter, with large stores it improves the accuracy of the model significantly. In summary, it can be concluded that in a breakdown according to size, stores belonging to the largest category should clearly be treated separately. In stores with a large turnover, card acceptance can be explained well by the observed factors. We can also cut up the sample and the estimated models according to type of chain decision ( Figure 5 and Annex 5). According to this kind of grouping, substantially higher differences can be observed in the explanatory power of the models. It can clearly be determined that different aspects should be applied for stores not belonging to a chain, to make a distinction between acceptor and non-acceptor stores, than for stores belonging to a chain. Based on the models, it can be concluded that the size of the chain explains card acceptance in the relevant stores to a significant extent, and we cannot treat them as individual stores.
Simulating the impacts of explanatory variables
The scale of the parameters of the logistic regression cannot be interpreted directly. Therefore, simulation was used to analyse the effect of the different variables. We prepared new estimates based on the model of the previous section, to run the simulation in such a way that we increased the value of each variable one by one by a total of 10 per cent, with all other variables remaining unchanged. In the case of the dummy variables we replaced the variables with the higher value, and the county variable was Budapest for all stores. The results of each simulation are shown by Figure 6 . Turnover had the greatest impact both directly and indirectly through the cross-products. The coefficients of network turnover were comparable in magnitude. Of the dummy variables, Sunday opening and Monday closure significantly reduced the probability of card acceptance, while among the county variables, the effect of Budapest was outstanding. 
Conclusion
In our study we examined payment card acceptance in the domestic retail sector based on a receipt-level, detailed dataset derived from online cash registers. The main objective of our research was to identify the primary explanatory variables and to test conventional card acceptance hypotheses.
For the purposes of our analysis, we relied on anonymised online cash register data provided by the National Tax and Customs Administration (NTCA) for the year 2016. Covering an extremely broad section of the Hungarian retail sector, with nearly 3.8 billion data points, the database provides a basis for complex and robust analyses. We tested store-level monthly aggregate data with county and network attributes. In addition to its value, even the structure of the revenue influences card acceptance, albeit to a lesser degree. A store is more likely to accept payment cards if the bulk of its turnover is composed of transactions that have a higher expected card usage rate. The impact of value structure is very significant in the group of mediumsized and large stores, the extent of the impact is outstanding in the largest store category.
The opening hours of the business and, indirectly, its ownership structure, exert a similarly strong influence in card acceptance decisions; in the case of owneroperated stores, card acceptance is significantly lower. We found that the income of the customer base does not correlate significantly with card acceptance; however, for a more in-depth analysis of this issue the dataset should be broken down further than the county level.
The decomposition of the retail sector by network type and size does not improve the predictive power of the models significantly, but it has a moderate effect on all other significant variables, on several sub-samples. Based on these, we can state that it is stores not belonging to a chain and stores in the highest size category that differ significantly in terms of card acceptance, and these should be assessed separately in any case. ratio of the 0 to 1 thHUF category 4.3E-01 3.2E-01 0.0E+00 1.0E+00 ratio of the 1 to 5 thHUF category 3.6E-01 2.2E-01 0.0E+00 1.0E+00 ratio of the 1 to 5 thHUF category 9.0E-02 1.2E-01 0.0E+00 1.0E+00 ratio of the 10 to 20 thHUF category 5.6E-02 1.1E-01 0.0E+00 1.0E+00
Annex
Total revenue of the chain 1.8E+01 2.4E+00 1.5E+01 2.8E+01
Number of stores in the chain 5.8E+01 3.4E+02 1.0E+00 3.0E+03
Closed on Monday 1.8E-01 3.9E-01 0.0E+00 1.0E+00
Closed on Tuesday 1.4E-01 3.5E-01 0.0E+00 1.0E+00
Open on Sunday 6.6E-01 4.7E-01 0.0E+00 1.0E+00
Cross product closed on Monday 3.1E+00 6.5E+00 0.0E+00 2.4E+01
Cross product closed on Tuesday 2.4E+00 6.0E+00 0.0E+00 2.4E+01
Cross product closed on Sunday 1.1E+01 8.1E+00 0.0E+00 2.5E+01
Cross product number of stores in the chain 9.5E+02 5.4E+03 1.5E+01 5.8E+04
Cross product total revenue of the chain 3.1E+02 6.5E+01 2.1E+02 6.7E+02 0.000 (-4.198) 0.000 (-19.345) 0.000 (-4.161) ratio of the 0 to 1 thHUF category -0.640 (-6.450 
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